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Lacking observation data for calibration constrains applications of hydrological models to estimate daily
time series of streamﬂow. Recent improvements in remote sensing enable detection of river water-
surface width from satellite observations, making possible the tracking of streamﬂow from space. In this
study, a method calibrating hydrological models using river width derived from remote sensing is de-
monstrated through application to the ungauged Irrawaddy Basin in Myanmar. Generalized likelihood
uncertainty estimation (GLUE) is selected as a tool for automatic calibration and uncertainty analysis. Of
50,000 randomly generated parameter sets, 997 are identiﬁed as behavioral, based on comparing model
simulation with satellite observations. The uncertainty band of streamﬂow simulation can span most of
10-year average monthly observed streamﬂow for moderate and high ﬂow conditions. Nash–Sutcliffe
efﬁciency is 95.7% for the simulated streamﬂow at the 50% quantile. These results indicate that appli-
cation to the target basin is generally successful. Beyond evaluating the method in a basin lacking
streamﬂow data, difﬁculties and possible solutions for applications in the real world are addressed to
promote future use of the proposed method in more ungauged basins.
& 2015 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Streamﬂow, the volume rate of water passing a river cross
section, may be the most signiﬁcant hydrological variable, as it is
an integrated output of the hydrological cycle at basin scale
(Shamir et al., 2005). It is also a major link between continents and
oceans, delivering huge amounts of particulate and dissolved
material to the oceans, which strongly impact ocean chemistry and
nutrients. From a terrestrial aspect, streamﬂow is a major source of
the freshwater available for humans and regulates ecological cy-
cles. Under climate change, frequencies of extreme climate events
such as drought and ﬂood are predicted to increase (Hirabayashi
et al., 2008, 2013). Long time series of streamﬂow data are im-
portant to take countermeasures against such disasters. In the
context of improving the ecological health and biodiversity of river
basins, streamﬂow data are also vital to determine environmental
ﬂow (Gao et al., 2009). These data are traditionally measured by
in situ gauging. The maintenance of gauge stations is expensiveInc. This is an open access article uand time-consuming, which has led to a decline in coverage of
monitoring networks in recent years (Fekete and Vörösmarty,
2007). Even if observations have been made, in many cases, be-
cause of political issues or conﬂicts of economic interests, sharing
data among stakeholders is difﬁcult (Viglione et al., 2010). There-
fore, improvement of streamﬂow observations and estimation has
long been a popular topic for hydrologists. Such improvement is
one major objective of the last International Association of Hy-
drological Sciences (IAHS) scientiﬁc initiative “Predictions in Un-
gauged Basins” (PUB) (2003–2013) (Sivapalan et al., 2003). This
will continue to be an important question in the new scientiﬁc
initiative of the association “Panta Rhei – Everything Flows”
(2013–2022) (Montanari et al., 2013), which focuses on improving
the capability of predicting water resource dynamics to support
sustainable societal development under a changing environment.
Given the rapid improvement of remote sensing technologies,
many river hydraulic variables closely related to streamﬂow, such as
river water-surface width, stage, channel slope, channel sinuosity
and meander properties can be observed from space, especially for
middle to large size rivers (Bjerklie et al., 2005; Dingman and
Bjerklie, 2005). Efforts toward estimating streamﬂow from satellitender the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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In the early stage, building empirical relationships between ground-
measured streamﬂow and observations from space (e.g., Smith et al.,
1995; Coe and Birkett, 2004; Bjerklie et al., 2005) was the typical
approach. Results from these studies showed the great potential of
remote sensing in tracking streamﬂow. However, empirical re-
lationships are constrained by the characteristics of remote sensing.
To monitor hydrological changes, observations at temporal resolu-
tions from several minutes (for ﬂood control) to daily (water re-
source management) are desired. The repeat cycle of a satellite
determines the frequency of remote sensing observations, varying
from several days to several months, such that dynamics of the
hydrologic cycle between two successive observations cannot be
detected (Alsdorf et al., 2007). Another usual concern is satellite
observation error. When estimating streamﬂow using empirical
relationships with remote sensing data as input, this error in sa-
tellite observations will directly propagate to the estimates.
Realizing the limitations of direct applications of remote sensing
data in streamﬂow estimation, many researchers have recently tried
to regulate hydraulic modeling using river hydraulic information
from space through model calibration (e.g., Stephens et al., 2012;
Domeneghetti et al., 2014) or data assimilation (e.g., Durand et al.,
2008; Biancamaria et al., 2011; Michailovsky et al., 2013). The role of
satellite observations is to make parameter values or simulation of
hydraulic state variables better reﬂect hydrological characteristics of
a basin. Streamﬂow is ultimately estimated by the model itself. It is
common at present to incorporating satellite observations of ﬂood
inundation area, and water stage directly from radar altimetry or
inferred from water surface area and high resolution topography
data, into hydrodynamic or ﬂood routing model. Because these
hydraulic variables observed from space are simulated by models,
such integration does not require major modiﬁcations to model
structure and is easily done using calibration schemes or data as-
similation techniques. Results from relevant research show that si-
mulation uncertainty is reduced by incorporating satellite observa-
tions and estimation of streamﬂow is thereby improved. However,
applications of such an approach to ungauged basins face many
challenges. Many studies demonstrate that the greatest source of
uncertainty in hydrodynamic modeling is streamﬂow data used as
model boundary condition forcing (Schumann et al., 2009). When
ground observations are unavailable, inﬂow is usually provided by
hydrological model simulation. Therefore, assuring the accuracy of
this inﬂow is worth addressing in such cases.
Hydrological models are common tools for estimating daily
time series of streamﬂow. Several researchers (e.g., Montanari
et al., 2009; Finsen et al., 2014) have used remotely sensed hy-
draulic information for hydrological model calibration or data as-
similation. Because the output of a hydrological model is stream-
ﬂow, a necessary step is adding a hydraulic component describing
the relationship between streamﬂow and river hydraulic variable
to the hydrological model. Getirana (2010) tried to calibrate a
hydrological model in the Branco River basin of the Northern
Amazon basin, using water stage derived from ENVISAT altimetric
data. The stage streamﬂow relationship was an empirical one for
the Negro River and transposed to the Branco River. Their results
indicate that reasonable parameter values can be obtained from
calibration using only satellite altimetric observations. They re-
cognized that transferring the empirical relationship from a
gauged basin to the target basin was a major limitation of the
proposed method, and that a more generally applicable stage-
 streamﬂow relationship is desirable. Sun et al. (2010a) cali-
brated a hydrological model using river water-surface widths de-
rived from Japanese Earth Resources Satellite 1 (JERS1). The at-a-
station hydraulic geometry relationship was used to describe the
width streamﬂow relationship. In the calibration, parameters of
the hydraulic relationship were tuned simultaneously with thehydrological parameters to minimize the difference between sa-
tellite observations and model-simulated river water-surface
width. Using the generalized likelihood uncertainty estimation
(GLUE) proposed by Beven and Binley (1992) for model calibration
and uncertainty analysis, application to the Mekong Basin was
successful. Compared with Getirana (2010), one advantage is that
hydraulic parameter values are derived based on information from
remote sensing at the river segment where the hydraulic re-
lationship is constructed. A similar method was also successfully
applied to the Mississippi Basin using river water-surface elevation
derived from TOPEX/POSEIDON radar altimetric observations as
calibration data (Sun et al., 2012). This method enabled a new
generation of hydrological models that do not rely on any ground
observations in the modeled basin, which is valuable for stream-
ﬂow estimation in ungauged basins. The improvement of remote
sensing and GIS techniques enable input data for hydrological
models, including digital elevation model (DEM), spatial distribu-
tion of land cover and soil type, and vegetation parameters, such
as Normalized Difference Vegetation Index (NDVI) and Leaf Area
Index (LAI) obtained from global datasets. Further, many satellite
rainfall products are available for providing forcing to hydrological
models. The method demonstrated in Sun et al. (2010a, 2012) has
great potential to reduce simulation uncertainty of such new-
generation models by obtaining reasonable hydrological model
parameter values through calibration. However, there are still
several challenges to the application of this method in need of
attention. The method uses GLUE as calibration method for
quantifying simulation uncertainty introduced by model structure,
parameters and remote sensing data. Implementation of GLUE
requires modelers to make several subjective determinations that
inﬂuence ensemble prediction (Freer et al., 1996), such as prior
parameter range, likelihood measure, and threshold for behavioral
parameter sets. A key question is how to make reasonable choices
to minimize the impact of GLUE with very limited information.
Streamﬂow at the basin outlet is assumed to have strong corre-
lation with river width or water level. Consequently, intermittent
satellite observations are used as a surrogate to represent varia-
tions of streamﬂow. Whether available measurements from space
are sufﬁcient to track the amplitude and timing of streamﬂow
variation is uncertain.As with the commonly used regionalization
approach (e.g., Koren et al., 2003; Merz and Blöschl, 2004), model
validation is difﬁcult, owing to a lack of streamﬂow data. Whether
the simulation reproduces streamﬂow reasonably cannot be pro-
ven directly. Some alternative information should be incorporated
to evaluate the reliability of streamﬂow estimates.
Following the concept veriﬁcation of the method proposed by
Sun et al. (2010a) in the Mekong Basin, the method is further ex-
plored in this study. For estimating daily time series of streamﬂow in
a real ungauged basin (Irrawaddy basin in Myanmar), a hydrological
model is calibrated using satellite observations of river water-surface
width. The objective is, for the ﬁrst time, evaluating the feasibility of
this method for ungauged basins in which the only available data are
forcing meteorological data from publicly available datasets and re-
motely sensed river width. More importantly, through the case study,
difﬁculties and possible solutions for applications to the real world
are illustrated and discussed to inspire future use of the proposed
method in more ungauged basins.2. Methodology
2.1. Changing calibration objective of the hydrological model to river
water surface width
Based on general principles of the rainfall–runoff relationship, a
hydrological model simulates water movement in the water cycle
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drological simulation. Essentially, the model can be considered a
system as follows:
Q f I( / ) (1)η=
where I is model forcing input such as rainfall, Q is streamﬂow at
the basin outlet as output, η is the vector of model parameters, and
f is the group of functions describing the rainfall–runoff relation-
ship. To integrate satellite observations into model calibration, a
hydraulic model describing the relationship between streamﬂow
and river water-surface width at the basin outlet is needed:
W g Q( / ) (2)λ=
where W is river width, λ is the vector of parameters, g is the
function describing the hydraulic relation. By coupling the hy-
drological and hydraulic models, the output of the former
(streamﬂow) is used as input to the latter. An integrated model for
which the output is river water-surface width at the basin outlet is
formed thereby:
W F I( / ) (3)θ=
where I is the same input as in Eq. (1), W is river width, θ is the
vector of model parameters that include all elements of η and λ, F
is the group of functions in both of the hydrological model and
hydraulic model. This integrated model is calibrated by tuning
each element of θ to minimize the difference between model-
simulated river width and satellite observations. The obtained
values of model parameters are considered as reasonable esti-
mates reﬂecting hydrological characteristics of the basin and the
hydraulic condition at the river outlet. This is the most important
assumption in the proposed method. Finally, the calibrated hydro-
logical model is used to estimate streamﬂow. At-a-station hydrau-
lic geometry (Leopold and Maddock, 1953), which describes the
width streamﬂow relationship as a simple power function, was
adopted as the hydraulic model:
W aQ (4)b=
where W is river water-surface width, a and b are empirical
parameters. Usually a and b are derived from regression between
observed Q and W and are considered indices reﬂecting river
geomorphic characteristics (Leopold and Maddock, 1953). Under
the proposed method, a and b constitutes λ, as hydraulic para-
meters calibrated together with hydrological parameters based on
remote sensing data. The at-a-station hydraulic relationship is a
simple one and only applicable to rivers not strongly inﬂuenced by
backwater effects.
2.2. Automatic calibration scheme (GLUE)
There are two requirements for selecting the calibration
scheme. First, because the satellite data are intermittent observa-
tions, manual tuning according to the hydrograph is impossible.
An automatic calibration method optimizing the predeﬁned ob-
jective function is required. Second, uncertainty is always a major
concern using a hydrological model for streamﬂow estimation. The
situation becomes more complex under the proposed method,
beacuse error in satellite data affects the prediction and cannot be
ignored. Moreover, inherent uncertainty of hydrological modeling,
such as model-structure uncertainty and parameter uncertainty,
remains. In this context, a tool that can quantify simulation un-
certainty with little data requirements (given the situation in
ungauged basins) is desirable.
The GLUE procedure was used for model calibration and un-
certainty analysis. For hydrological modeling, many very different
parameter sets can give equivalent performances, which is acommon phenomenon called equiﬁnality. GLUE recognizes that
without further information to distinguish parameter sets per-
forming higher than a certain standard, they should all be included
to make ensemble prediction. A large number of parameter sets
are randomly generated from a speciﬁed parameter distribution.
Then each parameter set makes a run of the given hydrological
model and is assigned a likelihood of being a simulator of the
model, according to comparison between prediction and ob-
servations. Likelihood L[θ] acts as a measure of goodness-of-ﬁt for
river width simulation. Many model efﬁciency indices can be used
as L[θ]. The only requirement is that it should increase mono-
tonically with model performance. A threshold for L[θ] is selected
to distinguish whether a parameter set is a good simulator of the
basin. Parameter sets with L[θ] higher than the threshold are
called behavioral parameter set and their L[θ] are rescaled to make
the sum of their L[θ] for all behavioral sets equal to unity:
L C L[ ] [ ] (5)p θ θ= ×
where L[θ] is the likelihood value calculated based on model
performance. Lp[θ] is the rescaled posterior likelihood, and C is a
scaling constant. Then, the cumulative distribution of the simula-
tion at each time step t is computed to form uncertainty quantiles:
P W w L W w( ) [ ]
(6)
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i
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where Pt (Wtow) is the cumulative probability of river width Wt
less than arbitrary value w at time step t, Lp[θi] is the rescaled
likelihood weight of parameter set θi, for which the prediction at
time step t (Wt,i) is less than w, and m is the total number of
parameter sets satisfying the condition Wt,iow. From the cumu-
lative probability distribution, the lower 5% and upper 95% quan-
tiles are drawn at every time step to form the uncertainty band for
the simulation period. Under the assumption that a parameter set
producing reasonable river width simulation can also make
equally reasonable streamﬂow simulation, the cumulative dis-
tribution of river width simulation is transposed to streamﬂow
simulation. In other words, Lp[θ] is regarded as the likelihood of
streamﬂow simulation. Through this operation, the uncertainty
bound of streamﬂow is determined in the same way as river width
simulation. Simulated streamﬂow at the 50% quantile is con-
sidered the best estimates at each time step.
2.3. Hydrological model: HYMOD
A parsimonious daily-step model, HYdrological MODel (HY-
MOD), was selected, which was developed by Boyle (2001) for
hydrological model uncertainty analysis. The model has been
successfully applied to several basins in Asian monsoon region (Li
et al., 2009). Based on the probability-distributed theory proposed
by Moore (1985), a basin is regarded as composed of inﬁnite in-
dependent units. A simple saturation excess runoff generation
mechanism is applied to each unit. To account for spatial varia-
bility in water storage capacity, the distribution of that capacity is
deﬁned as:
⎛
⎝⎜
⎞
⎠⎟F C
C
C
( ) 1 1
(7)max
Bexp
= − −
where F(C) is cumulative probability of a given water storage ca-
pacity C (mm), Cmax is the largest water storage capacity in the
basin (mm), and Bexp accounts for the degree of spatial variability.
The routing system includes a sequence of three quick-ﬂow tanks
that describe surface ﬂow, in parallel with a slow-ﬂow tank cor-
responding to groundwater. To account for spatial variation in
large basins, the basin is divided into several subbasins. In each
Fig. 1. Conceptual description of HYMOD.
Table 1
Parameter descriptions of HYMOD.
Name Description
Cmax Maximum storage capacity
Bexp Degree of spatial variability of the soil moisture capacity
Alpha Factor distributing the ﬂow between slow and quick release reservoirs
Ks Residence time of the slow release reservoir
Kq Residence time of the quick release reservoirs
W. Sun et al. / Environmental Research 139 (2015) 36–45 39subbasin, the runoff generation component in the original version
of HYMOD is utilized, with identical values of the three runoff
generation parameters (Cmax, Bexp, and Alpha) in all subbasins. Two
routing parameters (Kp and Ks) are scaled based on the distance
between each subbasin and basin outlet, for describing the dif-
ference in water travel time to the outlet. Model structure is de-
picted in Fig. 1 and parameters are listed in Table 1.Fig. 2. Location of Pyay in Irrawaddy Basin, river network and subbasin division.
3. A real ungauged basin: Irrawaddy basin in Myanmar
The Irrawaddy River is the largest river and most important
commercial waterway in Myanmar. It ﬂows from north to south of
the country, originating at the conﬂuence of the N'mai and Mali
rivers and emptying through the Irrawaddy Delta into the Indian
Ocean. River length is about 2170 km, with drainage area about
411,000 km2 (Chavoshian et al., 2006). The upper basin has a
warm, humid subtropical climate and the lower basin a humid,
tropical climate. The basin is dominated by the South Asian
summer monsoon, bringing heavy rainfall between May and
October.
The basin is considered as one of the world's top thirty high
priority river basins, owing to strong biodiversity and high vul-
nerability to future pressures (World Conservation Monitoring
Center, 1998). The Myanmar government plans to construct seven
hydroelectric dams along the Irrawaddy. Some organizations have
claimed that the planned dams will have signiﬁcant ecological and
sociological concerns (Kachin Environment Organization, 2008).
Environmental impact analysis is necessary to examine possible
inﬂuences on the environmental and ecological system. However,
hydrological data at daily scale are not publicly available at Irra-
waddy Basin, which motivates the application of the proposed
method there.
Pyay is a town in the Bago Division of Myanmar, 260 km
northwest of the capital Yangon. The gauge station at Pyay is at
18.80°N, 95.22°W. In the public domain, only 10-average monthly
streamﬂow data are available for this station. The station was
treated as the basin outlet for rainfall–runoff modeling. Fig. 2
shows the location of Pyay, the river network and subbasin divi-
sion, which was made based on the Global Drainage Basin Data-
base (GDBD) (Masutomi et al., 2009).4. Satellite observations of river water surface width at Pyay
Since Landsat 1 was launched in the early 1970s, many earth
observation satellites have collected vast amounts of data. The
remote sensing images are valuable for tracking river changes,
especially in the 1970 s through 1990s, when in situ gauge stations
were sparse in developing countries. In this study, JERS-1 Syn-
thetic Aperture Radar (SAR) imagery was used to measure river
width near Pyay. JERS-1 is an earth observation satellite covering
the global land area for national land survey, agriculture, forestry,
ﬁshery, environmental protection, disaster protection, and coastal
monitoring. It was launched in February 1992 and terminated in
October 1998. The SAR loaded was a C-band radar (observation
frequency 1276 MHz). This active radar enabled high-resolution
(12.5 m), high-contrast observation, and accurate determination,
of topographical features, independently of weather conditions
(JAXA, 2004). The water surface with surface roughness less than a
microwave length has mirror reﬂection. For the period 1995–1997,
six JERS1-SAR images were collected for extracting river width in
the Pyay area. Extracting water area from satellite imagery is the
ﬁrst step for deriving river width. To minimize the inﬂuence of
misclassiﬁcation, many researchers have used average river width
over a given reach length, named effective width, to construct the
width streamﬂow relationship. For each image, river water sur-
face area in the region shown in Fig. 3 was extracted by manual
classiﬁcation. Then, the water area was divided by reach length to
compute effective river width.
River widths extracted from the images are listed in Table 2,
varying from 980.9 to 1621.8 m. However, without additional in-
formation, we cannot determine whether the minimum value in
Table 2 corresponds to a low ﬂow period, or whether the
Fig. 3. Spatial extent for reach observed from space and location of Pyay gauge station.
Table 2
Effective width measured from space for Pyay area.
Date River Width (m) Flow period
03/01/95 1061.0 End of low ﬂow period
04/14/95 980.9 Beginning of ﬂood period
01/03/96 1204.8 Middle of low ﬂow period
08/10/96 1621.8 Middle of ﬂood period
02/02/97 1018.1 Middle of low ﬂow period
10/24/97 1386.2 End of ﬂood period
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not clear whether it is adequate to track streamﬂow variation from
only six width records. In this context, rainfall data may provide
some support to such inferences. Average daily rainfall data de-
rived from Asian Precipitation-Highly Resolved Observational Data
Integration Towards the Evaluation of Water Resources (APHRO-
DITE) daily precipitation products (Yatagai et al., 2009) for the
study area are shown together with satellite observations in Fig. 4Fig. 4. Rainfall of drainage area of Pyay and satellfor the period 1995–1997. This reveals that the upstream area of
Pyay has distinct dry and ﬂood seasons. From the temporal dis-
tribution of rainfall, locations of each river width record in the
hydrograph of the Pyay area can be generally assessed, as shown in
Table 2. Basically, the observations cover both the low and ﬂood
ﬂow periods. The temporal pattern of rainfall is similar that in the
Mekong Basin at Pakse as shown by Sun et al. (2010b), corre-
sponding to a hydrograph with smooth variation. Based on ex-
periences in that basin, we infer that two records per year can
capture the essence of streamﬂow variation.5. Model setup and calibration procedure
Corresponding to times of satellite observation, the calibration
was carried out for the period 1995–1997 using GLUE. The study
area was divided into six subbasins as shown in Fig. 2. The forcing
meteorological data were derived from Ahn and Tateishi (1994)
potential evapotranspiration and APHRODITE daily precipitation
products. Average values of potential evapotranspiration andite observation of river width for 1995–1997.
Table 3
Prior parameter ranges for random sampling.
Cmax Bexp Alpha Ks Kq a b
1–500 0–2 0–1 0.001–0.5 0.5–1.2 200–1800 0.03–0.17
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subbasin. Seven parameters were calibrated, including ﬁve for
HYMOD and two for the width streamﬂow relationship (Table 3).
50,000 parameter sets are planned to be generated using the Latin
Hypercube Sampling (LHS) method. Before the implementation of
GLUE, several decisions must be made by the modeler, which have
signiﬁcant impact on simulation.
The ﬁrst decision is setting prior parameter ranges. The LHS
requires speciﬁcation of prior parameter distributions and ranges
for generating random samples. In cases of no information for the
distribution, usually the simple uniform distribution is used. The
prior ranges of HYMOD parameters can be derived from published
papers that have been tested in many basins. Setting proper ranges
for the width streamﬂow relationship is important but difﬁcult.
As the coefﬁcient and exponent of the power relationship describe
hydraulic conditions, unlike hydrological parameters with multi-
ple optimum values, a single best value is expected for a and b,
respectively. Therefore, setting prior ranges with narrow width,
including best values, are demanded for identifying effective
parameter sets from random samples. The theoretical range of a is
0 to 1. Dingman (2007) shows that b is mainly determined by
shape of the river cross section. With a shape close to rectangular,
b is near 0. A number of studies computing b via regression show
that it varied from 0.015 (Sun et al., 2009) to 0.26 (Leopold and
Maddock, 1953) The range of detected river width variation
(640.9 m) is about 65% of the minimum in Table 2. Compared with
the Mekong River at Pakse (Sun et al., 2010a), variation of river
width is greater. Therefore, the median of the prior range for the
exponent of the power relationship is expected to be higher than
that for the Pakse region. Factors determining a are more complex.
Beside cross-sectional shape, a depends on river size, hydraulic
conductance, and energy slope. Theoretically, a can be zero to
positive inﬁnity. This is deﬁnitely unacceptable as the prior range
of a. Based on the analytical solution in Dingman (2007), a is
usually less than 80% of bankfull river width. The largest river
width derived from JERS1 SAR images, 1621.8 m, was from the
middle of a rainy season. Therefore, the bankfull river width is
expected to be slightly larger than 1621.8 m. This information is
useful to constrain prior range of a.
The second issue is selecting the L[θ] measure and setting the
threshold for determining behavioral parameter sets. Freer et al.800
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Fig. 5. Simulation limits (gray band) and satell(1996) demonstrates that the choice of L[θ] affects simulation.
Because the number of observations (six) is extremely low, a
simple goodness-of-ﬁt index, the reciprocal of the relative mean
square error (RMSE), was selected for L[θ]:
L
n W W
[ ]
1
(1/ ) ( ) (8)obs i sim i, , 2
θ
Σ
=
−
where Wobs,i and Wsim,i are the satellite-observed and model-si-
mulated river widths at time step i. The threshold determines how
many parameter sets are identiﬁed as behavioral and, corre-
spondingly, width of the uncertainty band for ensemble predic-
tion. Setting a low threshold is at the risk of accepting parameter
sets that fails to be a simulator of the system as behavior sets and
consequently making the uncertainty band too wide to be useful
to policy-makers. An unreasonably high threshold may make the
uncertainty band too narrow to capture the variations in ob-
servations. The ideal situation is such that the uncertainty band
embraces all observations and its width is as narrow as possible.
Based on this principle, the threshold 0.008 (corresponding RMSE
125 m) was ultimately selected through several trial-and-error
tests. Of the 50,000 generated parameter sets, 997 were identiﬁed
as behavioral ones. Fig. 5 depicts the simulation limits of the river
width for 1995–1997, which covers all six satellite observations
with minimum width. Then, the 997 behavioral sets together with
the inferred cumulative probability distribution of streamﬂow
derived from river width calibration were used in streamﬂow
estimation.6. Results
Streamﬂow was also estimated for 1995–1997. Fig. 6 demon-
strates the uncertainty band of ensemble simulation and simu-
lated streamﬂow at the 50% quantile, which is consistent with our
inference that the hydrograph in the Pyay area is smooth and
regular. Conﬁdence in streamﬂow estimation also comes from the
posterior parameter distributions of hydraulic parameters, as il-
lustrated in Fig. 7. a and b in the width streamﬂow relationship
are strongly constrained by the calibration. Both parameters gen-
erally take on a single peak distribution, which are similar to the
results for the Mekong River at Pakse (Sun et al., 2010a). There are
no parameter sets with high likelihood near the edges of the
distributions, which indicates that the prior ranges of the two
hydraulic parameters are reasonable. The value of exponent b
identiﬁed by calibration that maximizes L[θ] is larger than that for
the Pakse region, in accord with the fact that the range of river
width variation at Pyay is larger than at Pakse.1996 1/1/1997 7/1/1997 1/1/1998
ite observations (triangles) for 1995–1997.
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Fig. 6. Simulation limits (gray band) and simulated streamﬂow at 50% quantile (black line) for 1995–1997.
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in the Pyay area. 10-year average monthly streamﬂow data for
1971–1980 are available. We ran the model for that period with
the identiﬁed 997 behavioral parameter sets. Fig. 8 shows simu-
lated streamﬂow at daily scale. Uncertainty bounds (5 and 95%
quantile) of computed 10-year average monthly streamﬂow are
compared with observed data in Fig. 9. Nash–Sutcliffe efﬁciency
(NSE) of simulated monthly streamﬂow at the 50% quantile is
95.7%. For the moderate to high ﬂow period, the absolute amount
and timing of streamﬂow variation are well reproduced. However,
the simulations tended to underestimate streamﬂow in the low
ﬂow period, similar to the results of Chavoshian (2007) at Pyay. He
indicated that this underestimation may be caused by a deﬁciency
in model structure describing snow-melt processes in the north-
ern part of the basin and dam operations. In hydrological model-
ing, parameter values are usually treated as time-invariant. Gen-
erally, the estimated daily streamﬂow time series is reliable for
understanding streamﬂow characteristics in the Pyay area. Tem-
poral variation of hydrological characteristics is also a potential
reason for relatively poor performance in dry seasons.7. Discussion: Insights for future applications
The proposed method is suitable for streamﬂow estimation in
basins for which in situ streamﬂow gauge data are unavailable,
river width variation at the basin outlet is detectable from remote
sensing, the width streamﬂow relationship can be described by a
proper hydraulic model, and input and forcing data for hydro-
logical modeling are available. The method is not applicable to
rivers with rectangular cross-section shape, which makes changesFig. 7. Posterior distributions of paramof river ﬂow insensitive to water surface width. Satellite-based
streamﬂow retrievals cannot achieve the precision of in situ ob-
servations and should not be treated as a gauge replacement
strategy (Alsdorf et al., 2007). The attractiveness of remote sensing
lies in the ease with which it can be used for remote river systems
or provide a spatial view between point-based measurements
(Smith and Pavelsky, 2008). Through our case study of the Irra-
waddy Basin, we envisage a number of ways to overcome difﬁ-
culties of application to ungauged basins as follows.
First, how do we make reasonable decisions to minimize the
impact of subjective GLUE settings with very limited information?
Unlike hydrological parameters, single best values are expected for
a and b. Therefore, prior ranges of narrow width and inclusion the
best value are required to reduce simulation uncertainty in-
troduced by the hydraulic model. Dingman (2007) gave an ana-
lytical solution of a and b, indicating that they are functions of
river cross-sectional shape and bankfull characteristics. The ap-
proach we used in the Irrawaddy case (inferring cross-sectional
shape and bankfull width from variation of river water-surface
width detected from remote sensing) can narrow the prior ranges
to some extent. Recently, high-resolution DEM have been pro-
duced from Light Detection and Ranging (LiDAR) data and stereo
pairs of aerial photos and satellite images. These high-resolution
data provide a new means for measuring river geometry. A more
promising method is incorporating information on river cross-
section measured by a DEM into analytical solutions for a pre-
liminary estimation of a and b. Then, combined with information
on variation of river water-surface width, the prior ranges could be
established with conﬁdence. Another issue is the threshold se-
lection for the L[θ]. Through trial-and-error testing, the best
threshold should be one for which the corresponding uncertaintyeters for the power relationship.
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Fig. 9. Comparison between 10-year (1971–1980) average monthly streamﬂow
estimates and observed data.
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How do we evaluate the reliability of daily streamﬂow esti-
mates in ungauged basins? Compared with traditional calibrations
using at least 1-year daily streamﬂow records, the number of sa-
tellite observations for calibration in the present study is ex-
tremely low. For the Mekong River at Pakse, the hydrological
model calibrated with only two observations per year can reliably
estimate streamﬂow. A large drainage area and distinct rainy and
dry seasons make the Pakse hydrograph smooth and regular every
year. The Irrawaddy basin at Pyay possesses similar characteristics.
And judging from the temporal distribution of rainfall data, the
satellite observations can regulate behavior of the integrated
model in both of the rainy and dry season. Therefore, we infer that
the six observations over the 3-year period are likely to contain
sufﬁcient information for parameter calibration. Based on our
ﬁndings, at least one observation in every dry and rainy season
during the calibration period is necessary to effectively constrain
the model for future application. We believe that basins with
greater hydrograph variation than the Irrawaddy at Pyay may re-
quire more observations for calibration. It is always desirable to
incorporate more satellite observations in the calibration. How-
ever, it is necessary to maintain roughly the same number of ob-
servations in the rainy and dry seasons. As pointed out by Seibert
and Beven (2009), when the number of calibration data is small,
the information content for constraining parameters becomes
more sensitive to the time of the measurement. The reliability of
streamﬂow estimation can also be evaluated by indirect informa-
tion. In both the Irrawaddy and Mekong Basins, hydraulic para-
meters show a posterior distribution with a single peak. In future
application, this phenomenon can be considered an indicator thatmodel parameters have been effectively constrained.
The proposed method relies on the availability of satellite
images that are effective to track changes in river width. Many SAR
and optical sensors may provide the remote sensing data required.
The advantage of SAR is its cloud-penetrating capacity. Optical
sensors can provide observations with wide temporal and spatial
coverage. When the research budget is not a limitation, images
with very high resolution (e.g., QuickBird, 0.61 m) are always
preferred. However, such images are only available from the early
21st century. To obtain effective hydrological model parameter
values from calibration, satellite observations should cover differ-
ent ﬂow conditions. Therefore, wider temporal coverage of sa-
tellite images should always be pursued in the application of our
method. In this context, the Landsat dataset is a promising source
of remote sensing data to derive variations in river width. As
discussed in Abileah and Vignudelli (2011), the advantages of
these images are their global coverage over the last three decades,
rich number of spectral bands, and free and easy accessibility. The
major concern of Landsat is relatively low resolution (30 m), which
makes it difﬁcult to track changes in river width for middle and
small size rivers by traditional methods of extracting water surface
area. Pixel unmixing methods (e.g., Pardo-Pascual et al., 2012;
Abileah et al., 2013), which can extract more accurate river
shoreline positions at sub-pixel level, have shown the potentials to
improve effective resolution of Landsat images. The preliminary
experiment of Abileah et al. (2013) shows that such algorithms can
achieve 10-m resolution accuracy in some cases.8. Conclusions
The method of calibrating hydrological models using satellite
observations of river width described above provides a framework
for estimating daily streamﬂow time series in ungauged basins.
The GLUE procedure is used as an automatic calibration tool and,
more importantly, for a better estimation of simulation un-
certainty. Taking a step further than concept validation in gauged
basins, this is the ﬁrst time that the framework was applied to an
ungauged basin, the Irrawaddy at Pyay. A good match with 10-year
average monthly observed streamﬂow indicates that streamﬂow
estimation is reliable.
Challenges and possible solutions for practical application to
real ungauged basins were also demonstrated through the case
study. At least one satellite observation in every rainy and dry
season should be included in calibration data for effectively
tracking hydrograph variation. The timing of each observation in
the hydrograph can be inferred from the temporal distribution of
rainfall data. Variations of river width detected by remote sensing
W. Sun et al. / Environmental Research 139 (2015) 36–4544and information of cross-sectional shape are useful for narrowing
prior parameter ranges of the width streamﬂow relationship.
The likelihood value corresponding to an uncertainty band em-
bracing all observations with narrowest band width should be
used as a threshold for identifying behavioral parameter sets.
Posterior distributions of the width streamﬂow relation para-
meters with a single peak shape may be considered a sign of the
reliability of streamﬂow estimation. The proposed method has
only been applied to large basins with a smooth hydrograph.
Further assessment should apply the method to smaller river ba-
sins with strong hydrograph variability, which requires effectively
delineation of water–land boundaries by use of remote sensing
images of higher resolution (several meters, even several cen-
timeters), or techniques that can extract water area at sub-pixel
level from relatively low-resolution images.Acknowledgements
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